Abstract-
I. INTRODUCTION
Fault Adaptive Control (FAC) techniques have been widely researched in many applications to detect faults in sensors and actuators such as process industry [1] , Unmanned Ground Vehicle (UGV) [2] − [4] , and fixed-wing aircrafts [5] , but few FAC applications to RUAV have been published [6] − [8] . The structure and the algorithm of the FAC can be changed to get the best possible response of the system, or the system can be stopped, when a fault of the system is detected.
In recent years, the encouraging achievement from sequential estimation makes it becoming an important direction for on-line modeling and model-reference control [9] . One of the most well-known sequential estimation methods used for nonlinear system is the extended Kalman Filter (EKF) [10] . The EKF applies the standard linear Kalman Filter to nonlinear system by simply linearizing all the nonlinear models. This linearization will introduce substantial errors in the estimates of the mean and covariance of the transformed distribution, which can lead to poor performance or even divergence of the filter. UKF is a novel estimation tool introduced by Julier and Uhlman to replace EKF in nonlinear filtering problems [11] .In stead of truncating nonlinear dynamics to first order as with EKF, the UKF approximates the distribution of the state with a finite set points. Since the nonlinear models are used without linearization, it is much simpler to implement and more accurate results are expected. Its performance has been analytically shown to be similar to a truncated 2nd order EKF at an equal computational complexity with the EKF of O(n 3 ) (n is the dimension of state) [6] . In this paper, the FAC system for actuator failures in a RUAV is designed and presented. The AHL is introduced to describe the actuator faults, and the UKF is used to estimate both the states and the AHL parameters in real time. Experiments with the Shenyang Institute of Automation RUAV test-bed SIA-Heli-90 have been conducted. The RUAV platform and its dynamics are descerbed in section II. Section III presents the state and parameter joint estimation based on square-root UKF and section IV gives the joint-estimationbased fault adaptive control. The result on the application of these techniques to SIA-Heli-90 are presented in section V. Sections VI is devoted to the conclusions.
II. STATE AND PARAMETER JOINT ESTIMATION BASED ON SQUARE-ROOT UKF

A. The Square-Root Unscented Kalman Filter
The UKF works by constructing a set of points, named sigma points (shown in figure 3 ), which have the same known statistics, e.g., first and second moments, as a given measurement or state estimate. A specified nonlinear transformation can be applied to each sigma point, and the unscented estimate can be obtained by computing the statistics of the transformed set. Although this algorithm superficially resembles a Monte Carlo method, no random sampling is used and, inconsequence, only a small number of points are required (2n+1 for an n-dimensional space).
The full UKF involves the recursive application of this "sampling" approach to the state-space equations. One of the most computationally expensive operations in the UKF is the calculation of the matrix square root of the state covariance at each time step in order to form the sigma-point set. Due to this and the need for more numerical stability (especially during the state covariance update), an improvement of the UKFthe square root UKF (SR-UKF) is developed in [6] . In the SR-UKF implementation, the square-root of the state covariance propagates and updates directly. The following three powerful linear algebra techniques are used: QR decomposition, Cholesky factor updating and efficient least squares. Consider the general discrete nonlinear system:
where x k , y k , u k are the state, output, and input vector respectively (
, and w k , v k are the Gaussian white noise with zero mean and uncorrelated from each other
The complete specification of the SR-UKF is given below: 1) Initialize with:
2) Sigma Points Calculation and Time Update:
In the equation, the weights and the scaling parameters are:
where α is a constant determining the spread of the sigma points, and β is a parameter using to incorporate prior knowledge of the distribution.
3) Measurement Update:
(5) where Q w and Q v are the disturbance noise covariance and the sensor noise covariance respectively.
The square-root UKF has equal (or marginally better) estimation accuracy when compared to the standard UKF, but at the added benefit of reduced computational cost, a consistently increased numerical stability and ensuring that the positive definiteness of the state covariance matrices which was not necessarily the case in the standard UKF.
B. Joint Estimation for Rotorcraft UAV
The proposed method is based on the UKF. The UKF must realize two functions: 1) determining the state of nonlinear system from the measurement noise for the control strategy design. 2) estimating the parameter--the AHL for damage detection and online control reconfiguration. Thus a problem of estimating both the state and parameter arises, and a possible way to deal with it is joint estimation, which treats the parameter vector as a dynamical variable and simply appended onto the true state vector. It should be pointed out that even in linear system the state and parameter joint estimation might be nonlinear.
Extended from (5), the dynamics with unknown/timevarying parameter can be written as:
where
w θk --the Gaussian white noise with zero mean. If the dynamics of θ k is unknown, it can be assumed as a non-correlated random drift vector and modeled by :
In UKF-based joint estimation, the state and parameter vectors are concatenated into a single augmented state vector :
T . Estimation is done recursively by writing the dynamics for the joint state as:
Run the UKF on the joint state equation to produce the simultaneous estimates of the state x k and the parameter θ k .
III. FAULT ADAPTIVE CONTROL ARCHITECTURE
A. Parameter Estimation-based AHL Active Model 1) Actuator Failure Model:
The actuator failures of the RUAV including the control surface stuck, control surface bias and partial loss in the actuator effectiveness [13] .
The fault tolerant architecture assumes the following actuator model:
where γ i and δ i are the proportional effectiveness and failure bias of ith actuator's AHL.
2) AHL Parameter Estimation:
The parameter estimation follows a similar framework as that of the state-estimation SR-UKF. In UKF-based parameter estimation, the AHL parameter and state vectors are concatenated into a single augmented state vector :
done recursively by writing the dynamics for the joint state as:
The AHL parameters active modeling has the advantages over some existing modeling techniques where only the proportional loss in the effectiveness has been considered [3] .
B. State Estimation-based Feedback Linearization
The theory of feedback linearization is to algebraically replace a nonlinear system into a linear one and the classical linear control theory can be applied to control the system. The cancelling of nonlinearities which is performed by feedback linearization can easily be applied to systems that are in the companion or controllability cononical form.
The dynamics of the companion form system are written as:
where U is the scalar control input, X is the scalar output of interest, X = [x,ẋ, ..., x (n−1) ] is the state vector, and F(X) and L(X) are nonlinear functions of the states. The following control input will cancel the nonlinearities.
The use of inverted equations of motion can linearize a system. The dynamic inversion can be start from the linear equations of motion,Ẋ
obviously, when the inverse, [G(X)] −1 exists, the dynamic inversion of the system is:
Here, we use the estimation state instead of the sensor observation data. The estimation method is based on the UKF. The UKF must determine the state of nonlinear system away from the measurement and observation noise. Thus, the above equation can be rewrite as:
C. Feedback Linearization for RUAV
The mathematical model of a RUAV is shown in the Section II. Here, we assume that all the states are measurable accurately, then rewrite the equations by usingṖ
(18) Previous research [14] has shown that exact input-output linearization fails to linearize the whole system and result in having unstable zero dynamics. Hence, we propose to approximately linearize the system by neglecting the couplled terms which can be done by assuming that a 1 , b 1 are near zero and T M /T T is infinite. Then, we would like to apply approximate linearization technique to the helicopter system. We rewrite the system equations as:
The input-affine form of the RUAV model is:
where F (·) is assumed to be smooth vector fields and l ij , o j to be smooth functions.
We differentiate the output Y of the system equation with respect to time to perform input-output linearization. For all the output y i , one can check that on has to differentiate every of the outputs 3 times before encountering on of the inputs and we can rewrite the system as:
where o 1 , ..., o 4 ∈ O(X) as the output select the inputoutput pairs since the number of inputs and outputs for linearization are 4 and 9 respectively. The defined decoupling matrix S(X) is rewrited as:
We can simply prove that the matrix S(X) has full rank [14] , the linearization control can be written as: The architecture of the FAC scheme is discussed above and the overall structure of the FAC is shown in the figure 4.
IV. SIMULATIONS
The proposed fault adaptive control system tested using the SIA-Heli-90 mathematics model with simulations.
Real flight experiment with a failure actuator can be potentially dangerous for the helicopter, because it can take the RUAV out of control and it may crash. Then we planned to simulate a real faulty condition in an actuator while away form the security problems of the RUAV.
In this paper, we assumed that the collective pitch actuator has the failure while others are remain well. Set the state vector as: 
To demonstrate the effectiveness of the FAC scheme of figure 4 , the failure scenario of abrupt proportional reduction and bias in collective pitch actuator is assumed:
As is shown in the figure 5 , an example actuator failure experiment is presented. A proportional and bias joint type failure has been reproduced in the collective pitch actuator of the SIA-Heli-90 using real flight experiment data. At t=10s, the actuator gets proportional of 50% and bias of 10. The estimation of the proportional effectiveness and the failure bias AHL parameters can follow the true parameter in no more than 2 seconds while the offsets are less than 0.5%. It can be seen that the UKF gives quite satisfactory result.
For comparison purposes between the FAC and without FAC scheme, figure 6 to figure 8 illustrates the state of the RUAV, including 3-axes positions, 3-axes body velocities, and 3-axes angel velocities in hovering. As can be seen, the tracking errors of control scheme without FAC are much more significant than those by the FAC scheme enhanced by AHL on-line estimation. This is because of the fact that the reference model of common feedback linearization control scheme is unconscious to the occurrence of failures. As for FAC scheme, the tracking error due to the failures is quickly overcome after a short period (less than 3 seconds) by the AHL estimations involved in the reference model, and the performance is able to security the RUAV.
V. CONCLUSION
This paper presented a fault adaptive control system for RUAV's actuator failures and its application to the SIA-Heli-90 RUAV. We combine the on-line state estimation and the classical feedback linearization for FAC. SR-UKF has been introduced for on-line state and parameter joint estimation. The actuator failures have been represented by AHL and the AHL parameters can then be estimated by the UKF. The FAC system has been designed by using a full nonlinear model of the RUAV identified by using collected data during the flight experiments. Off-line simulations show that the proposed scheme can automatically compensate the failures and has the ability to effectively track of the reference input.
In the future work, we will simulate the actuator stuck failure, and implement the proposed scheme on the sensors and actuators joint fault adaptive control. Then, we will try to test the algorithm in the real RUAV flight. Time (s) r (rad/s) data1 data2 data3 Fig. 6 . The pitch rate, roll rate, and yaw rate comparison between FAC and without FAC scheme in hovering while a collective pitch actuator failure at 10s.
